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ABSTRACT
Drug discovery aims at designing novel molecules with specific
desired properties for clinical trials. Over past decades, drug dis-
covery and development have been a costly and time-consuming
process. Driven by big chemical data and AI, deep generative mod-
els show great potential to accelerate the drug discovery process.
Existing works investigate different deep generative frameworks
for molecular generation, however, less attention has been paid to
the visualization tools to quickly demo and evaluate modelâĂŹs
results. Here, we propose a visualization framework which provides
interactive visualization tools to visualize molecules generated dur-
ing the encoding-and-decoding process of deep graph generative
models, and provide real-time molecular optimization functionali-
ties. Our work tries to empower black-box AI-driven drug discovery
models with some visual interpretabilities.
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1 INTRODUCTION
Deep graph generative models are promising to accelerate the long
and costly drug discovery process by exploring large chemical space
in a data-driven manner. These models first learn a continuous
latent space by encoding molecular graphs and then generate novel
and optimized molecules by decoding from the learned latent space
guided by some targeted properties [5, 6, 8]. We illustrate these
encoding-and-decoding pipelines in Figure 1.
Despite their promising results, deep graph generative models
are challenging to work with and the training process and results
lack transparency and interpretability, in general. These challenges
naturally lead us to search for a visualization tool that will help
to interpret each step of how the model generates novel chemical
structures in its latent space, to decompose the analysis of how the
interpolation between molecules are formed and to gain insights
over how the optimized functional compounds are yielded. Further-
more, a three-dimensional and interactive molecule visualization
tool is needed to develop useful insights - as it is very important and
informative to visually examine how the generated moleculeâĂŹs
atoms are positioned relative to each other in 3D space.
While there are some good visualization tools designed for the
deep generative models - such as, âĂĲGlow visualization demoâĂİ
in Figure 2, we have not seen effective visualization tools tailored
to the deep generative models for the molecular graph.
In this paper, we propose to build a web dashboard that pro-
vides three-dimensional and interactive molecular visualization
tools designed specifically for the deep generative models for the
Figure 1: Visualization of learned latent space byMoFlow[8].
Top: Visualization of the grid neighbors of a seed mole-
cule in the center, which serves as the baseline for mea-
suring similarity. Bottom: Interpolation between two seed
molecules and the left one is the baseline molecule for mea-
suring similarity. Seedmolecules are highlighted in red boxs
and they are randomly selected from ZINC250K.
molecular graphs. Our dashboard proposes an interface to operate
on chemical structures directly with following functionalities:
• Visualize the generated molecules with different levels of
atom outlines, ambient occlusion, and more with the various
viewing parameters( angles, rotation, zoom, highlights).
• Visualize the chemical similarity between each neighboring
molecule and the centering molecule.
• Visualize the linear interpolation between two molecules to
show their changing trajectory in the latent space.
• Visualize the optimized molecules under different objective
properties.
• Query generated novel molecules based on seed molecules
at real-time with the deep graph generative model running
backend.
Our dashboard works seamlessly with Python-based open source
chemoinformatics and machine learning packages such as RDKit 1
and PyTorch/TensorFlow.
1https://github.com/rdkit/rdkit
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2 RELATEDWORK.
Interactive interfaces and visualizations of the sampled data from
the chemical latent space of deep learning models have been de-
signed and developed to help people understand what models have
learned and how they make predictions. Many of those visualiza-
tion tools require significant workarounds to pre-existing graph
types. Here, We discuss three main visualization tools for the deep
graph generative models.
RDKit-Neo4j project. This is a development of extension for
neo4j graph database for querying knowledge graphs storing molec-
ular and chemical information[4]. The projectâĂŹs task is to enable
identification of entry points into the graph via exact or substruc-
ture/similarity searches. The intention is to use chemical structures
as limiting conditions in graph traversals originating from different
entry points. Neo4j is coded in CYPHER which is quite complex.
Tableau 3D project. In a tableau project[2], the Caffeine mole-
cule example uses a dual axis chart. One axis draws the atoms while
the other axis draws the bonds between them. The project relies
purely on the background image, mark size and z-order to achieve
the 3D look. One issue with Tableau evolves from its dual axis
structure, as z-order does not always work well - as Tableau sorts
within each axis independently, so in this setup atoms are always
drawn above bonds but each group is sorted within themselves.
âĂĲGlow visualizationâĂİ. One interesting online visualiza-
tion tool for the âĂĲGlowâĂİ, a reversible generative model, is
shown in the figure 2[3].
Figure 2: An interactive demo of the Glow model to manip-
ulate attributes of the face, and blend with other faces.[3]
However, a limitation of the âĂĲGlow visualizationâĂİ is that it
is built upon javascript and only works on the images. Our final goal
would be to build an alternative, but similar, interactive visualization
tool that is designed specifically for drug discovery purposes and for
the generation of the molecular structure under varying parameters.
3 METHOD
3.1 MOFLOWMODEL-A Deep Generative
Model of Molecular Graphs
As an initial experiment to build our broad web dashboard, we
have underway a process to build a web dashboard specifically for
the MoFlow model for molecular graph generation proposed by
Zang and Wang[8]. MoFlow is one of the first flow-based models
which not only generates molecular graphs at one-shot by invert-
ible mappings but also has a validity guarantee. MoFlow consists of
a variant of Glow model for bonds, a novel graph conditional flow
for atoms given bonds, and then combining them with post-hoc
validity correction. MoFlow achieves many new state-of-the-art
performance on molecular generation, reconstruction and optimiza-
tion. We summarize the inference and generation procedure of the
MoFlow in Algorithm 1 and Algorithm 2 respectively.
3.2 Visualization Implementation
Our approach is to integrate Pytorch, rdkit and Dash/Dash bio
to build a web dashboard that provides three-dimensional and inter-
active molecule visualization tools. This framework would be able
to combine pytorch - an open source machine learning framework,
Rdkit - an Open-Source Cheminformatics Software, and Dash - a
Python framework for building web applications. Written on top of
Flask, Plotly.js, and React.js, Dash is ideal for building data visual-
ization apps with highly customized user interfaces in pure Python.
2
To summarize, the main components of our visualization tools for
the molecular generation are:
• Use Dash as the web dashboard UI interface design. .
• Callback functions that take an dataset and the best model’s
parameters as input and connect to the model’s encoder and
decoder(Algorithm 1 and 2 in figure..)
• Use Rdkit functions to convert molecular data to 2D view
and to âĂĲxyzâĂİ file for the 3D view.
• Use Dash Bio-speck[1] to display the output generated by
the model’s decoder in an interactive Molecule 3D View
4 RESULTS
We built an efficient web dashboard with a dropdown menu, al-
lowing people to select a drugâĂŹs name and display the 2D and
3D interactive view. This dashboard allows users to manipulate
attributes to explore the latent space (Note: we can rotate the 3D
molecule). Figure 3 and figure 4 are sample demos of our dashboard
designs and functionalities.
Figure 3: Demo of 3D interactive visualizations for a specific
molecule
Figure 4: Demo of 2D and 3D interactive visualizations for
similar chemical structures in the latent space
5 DISCUSSION
We found our approach - which uses Dash / Dash bio - to be ideal
for the drug discovery purpose. First, it ties modern UI elements like
dropdowns, sliders, and graphs directly to the analytical Python
code. Dash isn’t just for dashboards. Users will have full control
over the look and feel of the applications. The 3D view feature from
Dash bio can illustrate the shapes of proteins and provide insights
into the way that they bind to other molecules. We can change
the level of atom outlines, ambient occlusion, and more with the
various viewing parameters. Further, our approach allows for the
scroll wheel to control zoom for the molecule. Dash fires Python
callback functions when you click on an atom, rotate the molecule,
or change the structure. Also, you can highlight individual atoms
(like a proteinâĂŹs active site).[7] These properties render our
approach especially valuable when communicating the mechanics
of biomolecular processes.
6 LIMITATIONS AND FUTUREWORK
Currently, our framework only supports specific data file formats
(namely, PDB and xyz files). It requires an extra step using Rdkit to
convert other file formats to an xyz file. Additionally, most of the
components require JSON data as input yet, this file format is not
typically provided in datasets or studies.
Our next step is to develop functions to connect deep learning
models written in Pytorch at the backend and then output the
visualizations to the web dashboard using Dash. The User interface
would show the molecular generation process and the optimization
process in real-time. Also, future developments to the package
therefore should include processing for other important file formats.
7 CONCLUSION
Deep generative models have demonstrated strong potentials on
efficient and effective drug molecule design with desired properties.
However, such complex deep learning models for drug discovery
are hard to train and hard to understand. In order to provide mean-
ingful solutions to the drug discovery challenge, it is important to
have robust data visualization tools for the generative models. Our
approach holds the promise for researchers to explore and build on
the deep learning modelsâĂŹ results (with less effort) and thereby
enable them to focus on evaluation, error analysis and developing
valuable insights from the visualizations.
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